Fine particulate matter with aerodynamic diameters ≤ 2.5 μm (PM2.5) shows adverse effects on human health and atmospheric environment. Satellite-derived aerosol products have been intensively adopted in estimating surface PM2.5 concentrations, but most previous studies failed to monitor air pollution over small-scale areas limited by coarse spatial-resolution (3-50 km) and low data-quality aerosol optical 30 depth (AOD) products. Therefore, a new space-time extremely randomized trees (STET) model is https://doi.2 developed that integrates spatiotemporal information to improve PM2.5 estimates at both spatial resolution and overall accuracy across China. To this end, the newly released MODIS MAIAC AOD product, meteorological and other auxiliary data are inputs to the STET model. Daily 1-km PM2.5 maps in 2018 across mainland China are produced. The STET model performs well with a high out-of-sample 35 (out-of-station) cross-validation coefficient of 0.89 (0.88), a low root-mean-square error of 10.35
Introduction
Atmospheric particulate matter is a relatively stable suspension system with solid and liquid particulate matter evenly dispersed. Fine particles are those particles in ambient air with aerodynamic diameters no more than 2.5 micrometers (PM2.5). Compared to coarser particles, PM2.5 are rich in toxic and harmful substances and can directly enter the respiratory tract and alveoli of humans. Moreover, they have a 50 long residence time and long transmission distance in the atmosphere (Aggarwal and Jain, 2015) .
Numerous studies have illustrated that high PM2.5 concentration adversely affects human health (Peng et al., 2009; Bartell et al., 2013; Chowdhury and Dey, 2016; Crippa et al., 2019; Song et al., 2019) , severely impairs the atmospheric environment (Li et al., 2017) , and even significantly influences the cloud and precipitation systems by aerosol radiative and microphysical effects (Koren et al., 2014; Li et 55 al., 2016; Seinfeld et al., 2016; Ceca et al., 2018) . Silva et al. (2013) have shown that about 2.1 million people have died each year, resulting from the increasing PM2.5 around the world.
Nowadays, air pollution is becoming more severe due to continuously increasing anthropogenic aerosols in developing countries, especially in China (He et al., 2011; Huang et al., 2014; Liu et al., https://doi.org/10.5194/acp-2019-815 Preprint. Discussion started: 23 October 2019 c Author(s) 2019. CC BY 4.0 License. aerosol products are generated with low spatial resolutions (3-50 km), and thus are seriously limited for applications over small-scale regions such as urban areas.
Focus on these problems, to address the spatiotemporal heterogeneity and improve PM2.5 estimates, a 90 new space-time extremely randomized trees (STET) model is developed using the MODIS MAIAC AOD product at 1-km resolution associated with meteorological, land-use, topographic, and population parameters. Then the space continuous 1-km PM2.5 maps at different temporal scales covering mainland China in 2018 are generated. Section 2 describes the data sources and integration. Section 3 introduces the space-time extremely randomized trees (STET) model, and section 4 presents the validation and 95 comparison of our PM2.5 estimates across China. Section 5 gives a summary and conclusion.
Data sources 2.1 PM2.5 ground measurements
In this study, the hourly in-situ PM2.5 observations at 1583 monitoring stations ( Figure 1 ) across 100 mainland China from 1, January 2017 to 31, December 2018 are collected, and they are then averaged to obtain the daily PM2.5 measurements. The PM2.5 observations are measured using the tapered element oscillating microbalance approach method or β-attenuation monitors that have undergone further calibration and strict quality control procedures (Guo et al., 2009 ).
[Please insert Figure 1 here] 105
MAIAC AOD product
The MAIAC algorithm was developed and applied to generate MODIS aerosol products from darkest to brightest surfaces at a 1-km spatial resolution over land (Lyapustin et al., 2011) . On 30 May 2018, official 1-km-resolution MAIAC aerosol products were released and made freely available to all users. 110 This dataset is produced using the revised MAIAC algorithm with continuous improvements in scale transition using spectral regression coefficients, cloud detection, determination of aerosol models, overwater processing, and general optimization in the global aerosol retrieval process (Lyapustin et al., 2018) . MAIAC daily aerosol products from Terra and Aqua satellites are collected in 2018 across https://doi.org/10.5194/acp-2019-815 Preprint. Discussion started: 23 October 2019 c Author(s) 2019. CC BY 4.0 License.
China, and the 550-nm AOD retrievals with high quality assurance (QACloudMask = Clear and 115 QAAdjacencyMask = Clear) are used.
Auxiliary data
The auxiliary data mainly includes meteorological, land-cover, surface topographic, and population data. The meteorological variables are collected from ERA-Interim atmospheric reanalysis products, 120 including the boundary layer height (BLH), evaporation (EP), temperature (TEM), precipitation (PRE), relative humidity (RH), surface pressure (SP), wind speed (WS), and wind direction (WD). For meteorological variables, the observations between 1000 to 1400 local time are averaged to be consistent with satellite overpass times. The land-cover data include the MODIS land use cover and NDVI products. The topographic data include the surface elevation, slope, aspect, and relief (Wei et al., 125 2019a), are calculated from the SRTM DEM product, and the population derived from VIIRS nighttime lights data. Table 1 provides detailed information about the data sources. Table 1 here] 130 Terra and Aqua MAIAC AOD products have different spatial coverages due to frequent clouds and difference in their respective imaging times. Therefore, both Terra and Aqua MAIAC datasets are combined and merged through the linear regression approach (Eq. 1) to reduce the systematic differences and enlarge the spatial coverage. By integrating the two datasets, the spatial coverage is greatly increased by more than 15% over most areas across China, which can lead to wider spatial-135 coverage PM2.5 maps. More importantly, the number of valid data samples has significantly increased by approximately 25-32% after combination than just using Terra or Aqua MAIAC products, which can improve the model training ability.
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Data integration
where τT, τA, and τC denote the Terra, Aqua, and combined AODs. In addition, due to different spatial resolutions, all the 16 auxiliary variables are uniformly aggregated to a 1-km (≈ 0.01° × 0.01°) spatial resolution using the bilinear interpolation approach. After removing invalid or unrealistic values, there are 167,716 matched PM2.5-AOD samples and independent variables are collected for 2018 in China. 145 
Space-time extremely randomized trees
In this study, a tree-based ensemble learning approach, called the extremely randomized trees (ET), is selected to deal with complex supervised regression issues and to construct robust PM2.5-AOD relationships. Compared to other tree-based ensemble approaches (e.g., RF), this model splits nodes by completely randomly selecting cut-points and uses all the training sample learning sample (instead of 150 the bootstrap approach) to grow trees. Therefore, it is with stronger randomness and can efficiently solves variance problems and mines valuable information (Geurts et al., 2006) . There are four key steps during the splitting process with the training dataset S: In the splitting process of the ET model for numerical attributes, K and nmin are the two main parameters, which represents the number of attributes randomly selected at each node and the minimum sample size for splitting a node (Geurts et al., 2006) , respectively. They are used to establish an ensemble model with the full training samples by building numerous extra-trees. Last, the estimations of these extra-trees are summarized through the arithmetic average in regression problems to obtain the 170 result.
Model development
Specifically, spatiotemporal heterogeneities, i.e., strong spatial autocorrelation and obvious temporal differences, is the key characteristic of PM2.5, presenting great challenges and usually neglected in most 175 regression and artificial intelligence models. Therefore, in this study, a new space-time extremely randomized trees (STET) model, which introduces both the spatial and temporal information, is developed to solve this problem. The spatial (Space) information is represented by the geographical difference between two pixels calculated using the Haversine approach based on their longitude and latitude information (Eq.3), and the temporal (Time) information is represented by the time difference 180 for a given pixel on different days in a year (Eq.5). These two space-time terms can better distinguish and represent the spatiotemporal autocorrelations of PM2.5 between different pixels on different polluted days.
, , 
where , , represents a given pixel at location (i, j) in the year t, and DOY represents the day of year; and denote the latitude of two points, and △ and △ denote the latitude and longitude difference between two points in space. Therefore, surface measured PM2.5 concentrations, MAIAC AODs, meteorological conditions, land cover, topographic conditions, population, and spatiotemporal 190 information are used as preliminary inputs for the STET model.
Model adjustment
https://doi.org/10.5194/acp-2019-815 Preprint. Discussion started: 23 October 2019 c Author(s) 2019. CC BY 4.0 License.
However, due to a large number of independent variables considered, this will lead to the unavoidable over-fitting issue during the model training process. Therefore, the model need be further adjusted by 195 selecting more important variables rather than all variables to overcome this issue and improve the model efficiency. For this purpose, the importance scores of all selected independent variables and spatiotemporal information to PM2.5 estimates for the STET model are calculated in China (Figure 2 ).
The results suggest that AOD is the most influential variable, contributing ~31% toward daily PM2.5
estimates. Time and space terms are the other two important factors, contributing about 9-10%. This 200 further illustrates the importance of spatial and temporal information on PM2.5 estimates. Because there is little precipitation on most days throughout the year, PRE contributes little to PM estimates, by contrast, most other meteorological variables contribute more to PM2.5 estimates, especially BLH, EP, and TEM with average importance scores of 9%, 8%, and 7%, respectively. The contributions of surface conditions (i.e., LUC, relief, aspect, and slope) and NTL to PM2.5 estimates are generally less 205 than 2%. Therefore, these six less important variables are excluded from the STET model and the remaining variables are used to construct the finial PM2.5 estimated model.
[Please insert Figure 2 here]
Model validation 210
In this study, the widely used 10-fold cross-validation (10-CV) procedure (Rodriguez et al., 2010 ) is selected for model validation, where all data samples are divided into ten subsets randomly, and nine of them are used as the training data and the remaining is the testing data, indicating that the training and testing data are totally independent. This approach is repeated in turn for ten times. Then the error rate of each test is calculated, and the mean error rate from ten tests determines the final result. Here, the performance, the STET model shows an overall good ability in PM2.5 estimates at the regional scale.
275
[Please insert Figure 5 here]
The national-and regional-scale aggregated evaluations mainly illustrate the overall performance of the STET model in PM2.5 estimates, however, due to the inhomogeneity of PM2.5 monitoring stations, an additional validation for each monitoring station in China is performed ( Figure 6 ). For statistical 280 significance, only these monitoring stations with more than ten data samples are plotted. The daily PM2.5 estimations are well related to surface measurements at most individual stations across China.
The average sample-based CV-R 2 is 0.84, and the CV-R 2 values are higher than 0.8 at more than 73% [Please insert Figure 6 here] There are noticeable spatial differences in PM2.5 distributions on the seasonal scale. In winter and spring, more than 77% and 66% of mainland China exposing the high PM2.5 levels > 30 μg/m 3 , yielding poorer air quality. By contrast, PM2.5 pollution is slighter in summer and autumn with more than 91% and 81% of mainland China experiencing low PM2.5 levels below the acceptable air quality level. Note 375 that in spring, PM2.5 concentrations are particularly high in Xinjiang province due to frequent sand and dust episodes in 2018.
Temporal-scale validation
[Please insert Figure 11 here]
Comparison with related studies
There is an increasing number of studies on estimating PM2.5 using satellite AOD products from local to 380 national scales across China. However, limited by the operational satellite aerosol products, PM2.5 can only be estimated at coarse spatial resolutions of approximately 6-10 km (Fang et al., 2016; Li et al., https://doi.org/10.5194/acp-2019-815 Preprint. 2017b; Yu et al., 2017; Chen et al., 2018; Ma et al., 2019; Yao et al., 2019) . Recently, with the release of MODIS 3-km DT aerosol products, the PM2.5 estimates can be improved to 3-km spatial resolution across China (You et al., 2016; Li et al., 2017a; He & Huang, 2018; Chen et al., 2019; Xue et al., 2019) . 385 Therefore, in our study, the spatial resolution of PM2.5 estimates has been significantly improved by 3-10 times to 1 km based on the newly released high-quality MAIAC products across mainland China.
For model performance, our newly developed STET model shows much higher accuracy with higher CV-R 2 values, smaller RMSE and MAE values than the statistical regression models (Table 2 ), e.g., the timely structure adaptive model (TSAM, Fang et al., 2016) model, the Gaussian model (Yu et al., 2017) , 390 the Generalized Additive Model (GAM, Chen et al., 2018) model, and the GWR model (Ma et al., 2014; You et al., 2016) , and the GTWR model (He and Huang, 2018 ). The STET model can also outperform most machine learning (ML) and deep learning approaches including the RF model (Chen et al., 2018; Wei et al., 2019e) , the XGBoost model , the Geo-BPNN, GRNN and deep brief network (DBN) models (Li et al., 2017a (Li et al., , 2017b , and some optical combined models, e.g., the 395 Daily-GWR (D-GWR) model (He and Huang, 2018) , the two-stage model (He and Huang, 2018; Ma et al., 2019; Yao et al., 2019) , and the ML + GAM model (Xue et al., 2019) . In addition, there are only a hanful of studies on the predictive power in PM2.5 concentrations across China. The comparison results
show that our STET model is superior to those results reported by previous studies, i.e., the two-stage model (Ma et al., 2019) , the GTWR model (He and Huang, 2018) , the ML + GAM model (Xue et al., 400 2019), and the STRF model (Wei et al., 2019e) .
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Summary and conclusion
With the increase in air pollution over recent years, abundant studies on estimating PM2.5 have been 405 performed using satellite remote sensing. However, most of the PM2.5 estimates are reported at spatial resolutions of 3-10 km, which is inadequate for monitoring air quality at urban areas. The accuracy of PM2.5 estimates is also limited by traditional models. Therefore, we try to generate high-quality PM2.5 maps at 1-km higher spatial resolution across China. Hsu, N., Gautam, R., Sayer, A., Bettenhausen, C., Li, C., Jeong, M. J., Tsay, S., and Holben, B.: Global and regional trends of aerosol optical depth over land and ocean using SeaWiFS measurements from 1997 to 2010. Atmospheric Chemistry and Physics, 12, 8037-8053, 2012 .
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